In this paper we describe a microcomputer program (HTP) 
Introduction
The database of membrane proteins known at atomic or nearly atomic resolution currently contains only a few examples as compared to ~300 globular proteins (Berstein et al., 1977) . This paucity is due to difficulties in the crystallization procedure of membrane proteins (Michel et al., 1986) , and is in contrast to the large and exponentially growing number of residue sequences pertaining to this protein class (as well as to the globular class) (Chothia, 1992) .
Efficient predictive methods can therefore help to model the structure of membrane proteins starting from the amino acid sequence, as obtained with DNA recombinant techniques.
Except for the 16 strands of the /3-barrel porins (Weiss et al., 1991; Cowan et al., 1992) , the transmembrane segments of the other proteins in the database consist of typical apolar helices of some 20 residues perpendicular or partially tilted with respect to the normal to the membrane bilayer (Michel et al., 1986) .
The topography and topology of membrane proteins is in turn determined via experimental approaches, such as gene fusion analysis and biochemical probes (Manoil et al., 1986; McGovern et al., 1991; Traxler et al., 1993) . Following these criteria, the transmembrane organization of some 90 membrane proteins is presently known and available in the SWISS-PROT data base (Bairoch and Boeckmann, 1992) . Bologna, Italy 1 To whom correspondence should be addressed. E-mail:g4xbo3bl@cine88.cineca.it Most of the theoretical methods so far developed to predict membrane proteins are essentially aimed at the recognition of the hydrophobic membrane-spanning stretches distributed throughout the amino acid sequence (Traxler et al., 1993) , and implicitly assume that the predicted segments are a-helices associated with the peaks found in the hydrophobicity plot, which displays the average hydrophobicity of each residue versus its position along the protein sequence.
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The most evident sequence pattern which correlates with the topology of the membrane-spanning segments is the prevalence of positively charged residues in the cytoplasmic loops of polytopic (multiple spanning) membrane proteins (von Heijne, 1992) .
The theoretical search for membrane-spanning segments along a protein sequence is usually performed by evaluating a running-average hydrophobicity over a sliding window of appropriate length on the basis of hydrophobicity scales (Kyte and Doolittle. 1982; Engelman et al., 1986) ; by calculating the statistical propensities for each residue to be buried in the membrane phase (Kuhn and Leigh, 1985; Klein et al., 1985; Rao and Argos, 1986) ; and, for amphipathic structures, by computing the periodicity of the hydrophobicity (Eisenberg et al., 1984; Cornette et al., 1987) .
Several hydrophobicity scales have been calculated (Schultz, 1988; Fasman, 1989; Fasman and Gilbert, 1990; Degli Esposti et al., 1990; von Heijne, 1994; White, 1994) . However, the window length and the decision functions, which are crucial to the accuracy of the prediction, are empirically tailored for specific functional classes of membrane proteins and are of no general use. An exception is a quadratic minimization procedure evaluated on the membrane proteins known at atomic resolution (Edelman, 1993) .
The average values of the hydrophobicity and a consensus procedure, which combines the predictions of several methods, seem to improve the accuracy of the prediction (Degli Esposti et al., 1990; Parodi et al., 1994) , and this approach has recently been argued on the basis of comparison of the prediction with structural models obtained with NMR (Turner and Weiner, 1993) .
Prediction scores improve considerably by using evolutionary information derived by multiple alignments of amino acid sequences. In this case, the protein to be predicted is modified according to the residue frequency in the aligned sequences (Rost et al., 1993; Persson and Argos, 1994) .
A step forward in the automatic extraction of the information from the database of known structures was made by using supervised feed-forward neural networks (Hirst and Sternberg, 1992; Presnell and Cohen, 1993) . This computational system provides a very efficient predictive method for protein secondary structures (Rost and Sander, 1993; Rost et al., 1994) .
Using a neural network as a pattern classifier and evolutionary information as input code, the structure of transmembrane helices was recently predicted with 95% accuracy (Rost et al., 1995) . Alternatively, a statistical method based on a model recognition approach could predict both the structure and the topology of all-helical membrane proteins (Jones et al., 1994) .
In this paper we describe HTP, a method based on neural networks and running on microcomputers. HTP is trained on a set comprising 11 membrane proteins of known topology, uses as input to the network system the single protein code, and does not rely on multiple sequence alignment. HTP nevertheless performs at a 91% level of predictive accuracy when tested on a set of 69 proteins with no homology with those of the training set. Moreover, by using a set of rules derived from the statistical propensity of each residue to be located in a cytoplasmic or extra-cytoplasmic loop, HTP also correctly evaluates the topology of 48 of the 69 testing proteins. When evaluating a larger set, which included 92 proteins (as described in the SWISS-PROT database), HTP correctly predicts the location and topology of the Table I . The training and testing set of membrane proteins transmembrane segments of 71 chains from a mixture of organism classes. The statistical method based on a model recognition approach (Jones et al., 1994) , tested on the same 92 proteins, correctly predicts the location and topology of 63 chains.
System and methods
HTP has been developed in the Microsoft QuickC (version 2.5 for MS-DOS) environment and compiler using a PCcompatible 386 running MS-DOS. The code is written in standard C. Graphic routines are machine dependent.
Proteins known at atomic resolution are taken from the Brookhaven Data Bank (Bernstein et al., 1977) . Membrane proteins for which experimental topology information is available are individually selected from the SWISS-PROT database (Bairoch and Boedckmann, 1992) . The training set of membrane proteins (SETL, the subset in Table I ) consists of proteins known at atomic or nearly atomic resolution and includes: the three subunits of the two photosynthetic reaction centers from Rhodopseudomonas viridis (Deisenhofer et al., 1985) and Rhodobacter sphaeroides (Feher et al., 1989) , the seven transmembrane helices of bacteriorhodopsin (Henderson et al., 1990 ) and the plant light-harvesting chlorophyll a/b-protein complex (Kuhlbrandt et al., 1994) . Since the structure of bacteriorhodopsin is only known in the transmembrane regions, the set is enlarged to include rhodopsin (Khorana, 1992) , of which a projection map is available at 7 A resolution (Schertler et al., 1993) , and two other receptors (the human /3 2 adrenergic and ni] acetylcholine receptors for which a presumed transmembrane topology is derived from experimental data (Strosberg, 1991 (Lipman and Pearson, 1985) .
Algorithms

Artificial neural networks
In HTP, the architecture of neural networks (NNs) consists of two basic feed-forward multilayered perceptrons with one hidden layer containing two hidden units (Figure 1 Similar NN systems have been described before (Fariselli et al., 1993; Vivarelli et al., 1995) . Supervised learning is performed with the back-propagation algorithm (Rumelhart et al., 1986) . In NET_1 the input pattern is provided by a sliding window which reads an appropriate number of protein residues. A 20 bit binary encoding scheme is used for the amino acid residues. The two real outputs give the propensity of each residue in the sequence-dependent pattern (a segment of flanked residues) to belong (or not) to the transmembrane helical class. The classification of each residue in the transmembrane (T) and not transmembrane class (NT) is carried out according to the winnertake-all strategy.
NET_1 is trained on SETL, updating the weights after each pattern presentation. The architecture of NET_1 is selected after a search in the parameter space of the network using a cross-validation test on the learning sets. The number of training cycles was set to 50. An input window of 17 groups of 20 units is selected. The initial weights are randomly chosen in the range of [-1.0e-2, 1.0e-2] and the learning rate is fixed at 0.01.
Sequences of outputs from the first network are used as inputs to the second network (CASCADED NET (NET_2) in Figure 1 ). NET_2 is expected to filter out spurious assignments and/or sum up short neighboring fragments (Qian and Sejnowski, 1989) . As an example, the prediction of malf_ecoli is shown in Figure 2 . The cascaded network performs best with one hidden layer containing two hidden units. The optimized window size also contains 17 groups of 20 units. The number of output nodes is fixed at two, as for NET_1, and the winnertake-all procedure is again adopted in order to classify the residue T or NT. Training is performed as for NET_1.
A cut-off procedure calibrated on the training set
Although NET_2 usually gives a well-defined segment, a slight overprediction of transmembrane segments can be seen, as compared to the expected structures contained in the training sets. In order to correct for this, we introduce a criterion for rejecting false positive segments based on the logical AND function.
In considering the prediction of the training set, a transmembrane segment is accepted provided that the length, height and area of the corresponding signal are greater than or equal to those of the smallest existing helix (CUT1). A less stringent version of the rejection criterion is obtained by requiring that the above values are greater than those of the largest non-existing helix of the training set (CUT2). CUT2 can eventually also reveal transmembrane signals weaker than those accepted with CUT1. (Matthews, 1975) respectively. Expected transmembrane segements are: [17] [18] [19] [20] [21] [22] [23] [24] [25] [26] [27] [28] [29] [30] [31] [32] [33] [34] [35] [40] [41] [42] [43] [44] [45] [46] [47] [48] [49] [50] [51] [52] [53] [54] [55] [56] [57] [58] [73] [74] [75] [76] [77] [78] [79] [80] [81] [82] [83] [84] [85] [86] [87] [88] [89] [90] [91] [277] [278] [279] [280] [281] [282] [283] [284] [285] [286] [287] [288] [289] [290] [291] [292] [293] [294] [295] [319] [320] [321] [322] [323] [324] [325] [326] [327] [328] [329] [330] [331] [332] [333] [334] [335] [336] [337] [418] [419] [420] [421] [422] [423] [424] [425] [426] [427] [428] [429] [430] [431] [432] [433] [434] [435] [436] [39] [40] [41] [42] [43] [44] [45] [46] [47] [48] [49] [50] [51] [52] [53] [54] [55] [56] [57] [58] 415^448, Based on the notion that transmembrane segments cannot exceed a given length, a stretch > 38 residues is automatically split in the neighborhood of the midpoint where the output signal has a local minimum.
Prediction of the topology
After locating the transmembrane segments, HTP also evaluates their topology with respect to the membrane bilayer. The algorithm calculates:
( 1) where P is the statistical propensity of the ;th residue (res(/)) to be found in a cytoplasmic (inner) or in an extracytoplasmic (outer) loop region in the proteins of the database. Index j runs over the number of predicted loop regions (N). In turn index / runs over the set 5 including the residues predicted in theyth loop region. In each loop P is a function of the initial assignment of the protein Nterminus. The in(y) and out( /') functions assume inner and outer propensity values for the ;'th residue, depending on the parity ofyth loop.
To prevent the inclusion of possible globular domains in the loop scores, an additional empirical rule is adopted. When a loop region exceeds 60 residues, only two flanking stretches of 15 residues and in contact with the transmembrane helices are considered.
The statistical propensity (P) for each residue to be located in an inner or outer loop region is evaluated by considering the topology of the membrane proteins listed in Table I and discriminating between singlespanning (monotopic) and multi-spanning (polytopic) proteins.
A protein is then classified inner or outer depending on the AP value. When AP > 0 the sequence is classified inner (IN), otherwise outer (OUT). (Figure 3 ) which are briefly outlined in the following.
Implementation
HTP is implemented with four different menus
Predict
The prediction phase is batch performed with a NN system as described above. Visualize HTP evaluates the difference between transmembrane (T) and non-transmembrane (NT) outputs for each residue. Positive and negative values indicate a helical transmembrane and an external loop propensity respectively. A plot of the transmembrane propensity (transmembranicity) for each residue is shown as a function of the residue sequence. A typical output is shown in Figure 2 , where malf_ecoli is used as a test protein.
HTP Main Menu
Write
The routine evaluates the protein topology using a set of rules based on the statistical propensity of the residues to be located in the cytoplasmic (in) or extra-cytoplasmic (out) loop regions. The reliability index is computed to score the prediction (Figure 4) .
Create
HTP is provided with an interface in order to train the predictor on a user-defined learning set. In this way it is possible to update the training set as soon as the topology of other membrane proteins is available. Qi, Qj and Q NT are the fraction of total, transmembrane and nontransmembrane correct predictions respectively; C is the correlation coefficient (Matthews, 1975) ; (Z.) is the average length (number of residues) of a transmembrane segment; N is the number of proteins correctly predicted and N {op is the subset of N whose topology is correctly assigned.
Discussion
The predictive performance HTP can correctly predict the transmembrane location of 54 out of 69 proteins from the database with no homology with those of the training set (z < 3) (Table II) . This predictive efficiency (78% on a protein basis) compares well with that previously obtained using multiple sequence alignment and a cross-validation procedure over 69 membrane proteins (80% on a protein basis) (Rost et al., 1995) . When topology is evaluated on the same testing set, the number of proteins correctly predicted reduces to 48 (70% on a protein basis). Eventually, the inclusion of 12 receptors (with high homology with those of the training set) increases the predictive efficiency to 74%. The performance of HTP was then tested on all the proteins of Table I . In this case we can also evaluate the predictive efficiency of HTP on the proteins of the training set. The topology (location and orientation of the transmembrane segments) of 71 out of 92 proteins of the database was correctly predicted (marked in Table I ). This performance is better than that obtained on the same set with MEMSAT, a statistical method based on a model recognition approach (Jones et al., 1994) (Table III) .
HTP correctly rejected porins (data not shown) and mispredicted only 15 out of 145 globular proteins. In this case, however, the average length of the predicted segments was shorter than that of membrane proteins (Table IV) . "Statistical method based on a model recognition approach (Jones et al., 1994) . 
Prediction of polytopic and monotopic membrane proteins
A typical HTP output shows the residue assignment and the computed topology along the protein sequence ( Figure  4 ). The value of the reliability index scores the prediction for the T or NT classification of each residue. A few significant examples are shown in Figure 4 . The predicted proteins include polytopic and monotopic membrane proteins and the results obtained with HTP match the expected models. The topology of SecY, a protein involved in protein export in Escherichia coli, has been determined with a genetic approach (Akyama and Ito, 1987) (Figure 4A ). The two apoproteins of the lightharvesting complex of photosynthetic bacteria have recently been crystallized (McDermott et at., 1995) ( Figure 4B, C) . Despite the fact that they were closely related, the structures of two coat proteins from bacteriophages Ml3 and PF1 (available from NMR data) were predicted with different levels of accuracy using different hydrophobicity scales, an average hydrophobicity scale and a consensus procedure (Turner and Weiner, 1993; Parodi et al., 1994) . Our method, trained on SETL, which shows no homology with the two coat proteins, scores as high as 89% and 78% of total correct prediction (Q^) for PF1 and M13 respectively, in good agreement with the NMR structures and predicts the correct topology ( Figure 4D, E) .
In conclusion, in spite of the small training set used, the present version of HTP seems to be of general use in evaluating the topology of integral membrane proteins, 75-95, 122-139, 154-174, 183-203, 217-237, 274-294, 316-335, 376-395, 399-414 
